Respiratory health effects such as mesothelioma, silicosis, and lung cancer have been shown to be associated with working in the taconite mining industry. Taconite workers may also have elevated risks from cardiovascular disease (CVD), although the relationship of CVD to dust exposures at these mines has not been well-studied. Motivated by evidence from environmental epidemiological studies and occupational cohorts that have implicated the effects of fine particulates with increased risk of cardiovascular diseases, we conducted an air monitoring campaign to characterize fine aerosol concentrations at 91 locations across six taconite mines using an array of direct-reading instruments to obtain measurements of mass concentrations (PM2.5 or particles with aerodynamic diameter less than 2.5 µm, and respirable particulate matter or RPM), alveolar-deposited surface area concentrations (ADSA), particle number concentrations (PN), and particle size distributions. To analyze these data, we fit a Bayesian hierarchical model with an AR(1) correlation structure to estimate exposure while accounting for temporal correlation. The highest estimated geometric means (GMs) were observed in the pelletizing and concentrating departments (pelletizing maintenance, balling drum operator, and concentrator operator) for PM2.5 and RPM. ADSA and PN generally had highest GMs in the pelletizing department, which processed large amounts of powder-like particles into iron pellets. The within-location variability (GSD_WL) generally ranged from 1 to 3 for all exposure metrics, except for a few locations which indicated changes of activities that caused the exposures to change. Between-location variability (GSD_BL) estimates were generally higher than GSD_WL, indicating larger differences in exposure levels at different locations between mines than at individual locations over the course of several hours. Ranking between PM2.5 and RPM generally agree with each other, whereas ADSA and PN were more consistent with each other, with some overlap with PM2.5 and RPM. Differences in ranking these groups may have potential implication for occupational epidemiological studies that rely on exposure information to detect an exposure-response 2 relationship for various job groups. Future epidemiological studies investigating fine aerosol exposures and health risks in occupational settings are encouraged to use multiple metrics to see how they influence health outcomes risk.
INTRODUCTION
Mining on the Iron Range in northeastern Minnesota has been ongoing since the late 1800s, when pockets of high-quality iron ore were discovered. By the end of World War II, much of the natural ores were depleted and mining of low-grade ores, called taconite, on the 130-mile Mesabi Iron Range began in the 1950s (MDNR, 2014) . Taconite is a hard, dense, sedimentary rock that contains 20 to 30% iron content (MDNR, 2014) . Unlike the natural ores, which can be directly used in steel mills, taconite rocks require extensive processing in order to obtain the iron concentrate. Taconite mining and processing releases mineral fibers and particles that have been a public concern since the 1970s (Wilson et al, 2008; Axten and Forster, 2008; Berndt and Brice, 2008) . Early health studies did not find increased risk of mortality associated with occupational dust exposure (Clark et al., 1980; Higgins et al., 1983; Cooper et al., 1988; 1992) , nor risk of lung cancer and mesothelioma from amphibole cleavage fragments exposure (Gamble and Gibbs, 2008) . More recent studies, however, reported elevated rates of mesothelioma in Minnesota counties near taconite processing facilities (MDH, 1999 (MDH, , 2003 Case et al., 2011) . Concerns about the potential excess rates of mesothelioma in this cohort led the Minnesota State Legislature in 2008 to fund the Taconite Workers Health Study (TWHS) to evaluate mesothelioma, lung cancer, and non-malignant respiratory disease (University of Minnesota, 2014) . Since then, studies on exposure assessment (Hwang et al., 2013 and , mortality (Allen et al, 2014; Mandel et al.. 2016) , cancer incidence , lung cancer case-control , mesothelioma casecontrol (Lambert et al.. 2015) and pulmonary function tests (Odo et al. 2013 ) have been reported. These studies report that taconite workers are more likely to have mesothelioma, lung, laryngeal, stomach, and bladder cancer and cardiovasculare disease (specifically, hypertensive heart disease and ischemic heart disease) than the general population. Also, length of employment in the taconite industry and potentially exposures to generated elongate mineral particles (EMP) were associated with risk of mesothelioma.
While much of the public concern has surrounded the increased risk of respiratory diseases such as silicosis and mesothelioma, little attention has been paid to non-respiratory adverse health outcomes resulted from working in dusty taconite mining operations. Increased risk of cardiovascular diseases from short-term and long-term exposures to environmental air pollution, particularly fine particulate matters (PM) and ultrafine particles (UFP), are well-documented (e.g., Schwartz, 1990; Dockery et al., 1993 and Pope et al., 2004; EPA, 2014) . Similar findings were also reported in occupational cohorts, including workers in aluminum smelters (Costella et al., 2014 , Neophytou, 2014 , construction (Toren et al., 2007) , highway maintenance (Meier et al. 2014) , and the textile industry (Gallenher, 2012) .
Epidemiological studies investigating the association of air pollution, particularly fine and ultrafine particles -and adverse health effects typically use mass and/or particle number concentration for their exposure metrics (e.g, Meier et al, 2014 , Dockery et al, 1994 . Evidence of the toxicity of UFP suggests that surface area may be more closely related to health effects (Oberdorster, 2005; Maynard and Maynard, 2003; Maynard and Aitken, 2007 ), yet very few health studies have explored alternative exposure metrics such as surface area concentration (Meier et al., 2014) . Of the occupational exposure studies examining the relationship between mass, particle number (PN), and alveolar-deposited surface area (ADSA) concentrations, rankings of exposure groups were shown to differ by metrics where groups with high mass concentration may rank lower in the PN and SA metrics (e.g., Ramachandran et al, 2005; Park et al., 2010 , Heitbrink et al., 2009 . Therefore, simultaneous measurements of multiple metrics is often recommended for assessing fine and ultrafine particle (including nanoparticle) exposures (Park et al. 2010 , Baldauf et al., 2015 .
The goal of this study is to characterize fine aerosol exposures using multiple metrics in taconite mining operations using direct-reading instruments. We begin by reporting the estimated area concentrations at various locations where similarly exposure groups typically work within the mines. We then shift our focus to examining the relationship between exposure metrics in taconite mining settings to better understand how it might influence the ranking of exposure groups. Finally, we offer concluding remarks regarding implications for future occupational epidemiological studies.
METHODS

Taconite mining process
The goal of the taconite mining process is to crush the rocks into small granules so that the iron-bearing particles can be separated from the rest. The process comprises four major steps: extracting, crushing, concentrating, and pelletizing. Taconite boulders are unearthed by drilling and blasting the ground with explosives and hauled to a crusher building where they are crushed into small rocks in ~10 cm in diameter by the primary crushers and a series of fine crushers. In the concentrating department, conveyors move the crushed rocks underneath the stockpile to the rod mills where the ore is mixed with water and ground to the size of sand particles. The slurry discharged from the rod mills is pumped through the magnetic separators that separate the iron-bearing materials from non-iron particles called 'tailing'. The magnetic ore slurry is pumped to the ball mills that further reduce the ores to a fine powder (0.1-30 µm). A series of magnetic separators called roughers and finishers further concentrate the powder-like materials. The flotation processes use chemicals, air, and mechanical agitation to remove the fine silica particles from the settling iron-bearing particles. In the pelletizing department, disc filters are used remove most of the water from the concentrates by vacuum pumps. The filter cake is mixed with a binding agent (bentonite and/or limestone) that helps to hold the pellets together during baking. The mixture is then fed into rotating discs called balling drums which roll the mixture into marble-size pellets in ~1 cm in diameter. The pellets are transferred into a kiln where they are heat-hardened and cooled.
The finished pellets are loaded onto trains at loading pockets for shipment (EPA, 2003; Minorca Mine Booklet) .
Sampling strategy
Real-time area monitoring of aerosols was conducted from January 2010 to May 2011 at six mines located along the Mesabi Iron Range in northeastern Minnesota in conjunction with personal particulate exposure sampling conducted by Hwang et al (2013) . Samples were taken at work locations that corresponded to the similar exposure groups (SEGs) established for the personal exposure assessment to taconite dust components. Hwang et al. (2014) assembled almost 200 job titles from the Mine Safety and Health Administration (MSHA) Mine Data Retrieval System, jobs from a previous study by Sheehy (1986) , industrial hygiene and human resources databases of the three companies currently operating the mines, and Job Descriptions and Classifications published by the Reserve Mining Company (1974) . These job titles were then condensed to 28 SEGs. For the real-time area monitoring we used 16 SEGs because we did not sample the basin/mining operators who primarily work outside. We also consolidated mobile maintenance-related jobs (e.g., boiler technician, carpenter, electrician, lubricate technician, plumber, repairman) into one maintenance technician SEG because some of these workers are highly mobile and the maintenance or carpenter shop is where these people may consider their home base. Table 1 provides brief descriptions of the tasks and number of locations for each SEG. A total of 92 locations were sampled across six mines.
Area measurements were taken at least once per location per SEG per mine. Some SEGs that covered a large workspace (e.g., the crusher building) were sampled at multiple locations. At each sampling location, a respirable gravimetric pump (Apex Pro pump, Casella Inc., Amherst, NH, USA) and five direct-reading instruments measuring mass, surface area, particle number concentration, and particle size distribution were run simultaneously for approximately 4 hours with 1 minute averaging time (for the direct-reading instruments).
Gravimetric samples were sent to an accredited laboratory for analysis using NIOSH 0600 Respirable particulates not otherwise regulated gravimetric. Two photometer air monitors (DustTrak, Model 8520, TSI, Inc., MN, USA) with PM2.5, and respirable particulate matter (RPM) sampling inlets were used to obtain corresponding size selective mass concentration in mg/m 3 . A condensation particle counter (CPC) (PTrak, Model 8525, TSI, Inc., MN, USA) measured particle number (PN) concentration (expressed in particles/ cm 3 ) in the size range from ~0.02 μm -~1.0 μm. An optical particle sizer (Aerotrak, Model 9306, TSI, Inc., Shoreview, MN) counted and sized aerosol particles into various size bins (0.3 μm -0.5 μm, 0.5 μm -1.0 μm, 1.0 μm -3.0 μm, 3.0 μm -5.0 μm, 5.0 μm -10 μm, and >10 μm). An additional size bin (0.02 -0.3 μm) was obtained by subtracting the CPC total particle count from the first and second bin (0.3 μm -0.5 μm, 0.5 μm -1.0 μm) of the optical particle sizer. A surface area monitor (Aerotrak 9000,TSI, Inc., MN, USA) measured surface area of the particles 0.01-1.0 μm that deposit in the alveolar region of the lung (alveolar-deposited surface area or ADSA). Concentration is expressed in (µm 2 /cm 3 ).
We collected gravimetric respirable measurements at each location with the intention of calibrating the DustTrak monitors using the procedure described in Ramachandran (2000) . Laboratory analysis returned with about 68% of the samples below the detection of limit (LOD). The majority of < LOD results were from relatively clean environment such as the shops and offices and a few locations within the crusher, concentrator and pelletizing departments. The LODs ranged from 0.11 to 0.18 mg/m 3 . The average correction factor (CF) for RPM samples above the LOD was 1.13 with a range from 0.25-3.05. For filter samples below the LOD, we assigned a value of LOD/2 and computed the correction factor. The average CF for samples below the LOD was 9.77with a range from 0.24 to 186. The high variability in the CFs led us to believe that the raw DustTrak measurements would be more reliable than the corrected measurements. While calibration of this DustTrak model with a validated instrument was recommended (Yanosky, 2001) , the use of gravimetric RPM measurements LODs for calibration could potentially vastly overestimate the raw DustTrak measurements depending on the locations. This DustTrak model has been shown to provide reasonably precise estimates (R 2 =0.859) for PM2.5 (Yanosky, 2001 , Chung et al. 2001 . We decided to use the raw DustTrak measurements for analysis knowing that it might be slightly biased compared to a reference method.
Statistical analysis of the data
In order to seamlessly obtain uncertainty estimates in addition to the standard estimates of GM and GSD, a Bayesian hierarchical model was used to estimate exposure while accounting for the temporal correlation present in the data to reduce biased estimates of the standard errors [Klein Entink et al, 2015] . While a classical AR1 regression model accounting for temporal correlation could be used, the advantage of the Bayesian approach is that it can seamlessly provide uncertainty estimates of the GM and GSD and impute any missing values in the data.
In the Bayesian model, we let Yml(g)t denote the concentration of metric m observed in location l of exposure group g at time t, where m = 1, …, 4 (PM2.5, RPM, SA, and PN), l = 1, …, Lg . We put the subscript for group, g, in parentheses to signify that location is nested within group, location sampled for each exposure group ranged from 3 to 11 (see Table 1 ), g = 1, …, 16, and t = 1, …, 240. We fit a Bayesian hierarchical model with an AR(1) (autoregressive order 1) correlation structure where ~ ,
where denotes the log GM of metric m corresponding to the l th location, denotes the withinlocation log GSD of metric m corresponding to the l th location, and accounts for the temporal correlation in the data (e.g., = 0 indicates temporal independence and = 1 indicates perfect correlation between the first and second measurement). To learn about between-location variability, we let ~ ,
where and denote the overall log GM and between-location log GSD of metric m for exposure group g, respectively. The specification of our hierarchical model was then completed by assigning prior distributions to the various model parameters: a non-informative flat prior for , vague inverse gamma priors for and and a uniform(-1,1) prior for . These conventional vague priors were chosen so that they will have little influence over the data. They were also used in the analysis for all four metrics (PM2.5, RPM, SA, and PN). For each parameter, we have the posterior distribution of 10,000 iterations. All analyses were carried out using the RJAGS package (Plummer, 2003) in the R statistical software (R Core Team, 2017); for more information on Bayesian methods, see Carlin and Louis (2009) .
Prior to fitting the Bayesian model, we plotted the measurements for each metric to see how they tracked each other at each location. We also computed mean at each location and estimated the correlation for between metrics. PM2.5 and RPM average concentrations are highly correlated to each other (Pearson's correlation = 0.98),
RESULTS
followed by ADSA and PN correlation (R=0.77). Table 2 reports the estimated geometric means (GM), withinlocation variability (GSD_BL), and between-location variability (GSD_WL) by SEG and metric. The PM2.5 concentrations ranged between 0.008 and 0.269 mg/m 3 and the three highest concentrations (in descending order) were observed in the locations corresponding to the pelletizing maintenance, balling drum operator, and concentrator operator SEGs, respectively. RPM ranged between 0.009 to 0.38 mg/m 3 . The three highest areas were the same as for PM2.5 but in a slightly different descending order: locations corresponding to the pelletizing maintenance, concentrator operator, and balling drum operator SEGs. The SA concentration ranged from 3.66 -312.34 µm 2 /cm 3 . The highest levels were observed in the locations corresponding to the furnace operator, pellet maintenance, and dockman SEGs. The estimated particle numbers ranged from 848 -111,282 particles/cm 3 with highest levels observed in the locations corresponding to the pellet maintenance, balling drum operator, and furnace operator SEGs, respectively. There were eight locations that did not have all four instruments (denoted by *); a separate analysis that only included locations with all four metrics ( Table 2 in the Supplement) found that exclusion of these locations did not substantially affect our top three ranking, hence our decision to include those eight locations in the analysis. Figure 3 shows that there is high uncertainty around the GM estimates in the highest exposure groups in the pelletizing department and less uncertainty in the low exposure groups.
The GSD_WL (within location variability) for all locations and metrics were less than 3 except for a few locations such as the warehouse for PM2.5 or the office staff for SA, and dockman for PN which also exhibit high level of uncertainty in Figure 4 . The GSD_BL (between location variability) in Figure 5 were much higher than GSD_WL in many cases, even as high as 11 for lab analyst SA and PN. It should be noted that the uncertainty intervals for GSD_WL are typically smaller than GSD_BL and, in both cases, the credible intervals get smaller as the GSDs decrease. The GSD_BL and the GSD_WL generally track each other for PM2.5 and RPM while those of SA and PN track each other. Figure 6A shows that all SEGs had highest count fraction/µm in the smallest observed 0.02 -0.3 µm size range. In contrast, the mass fraction/µm (converted from the size distribution count) was highest in the largest 5-10 µm bin ( Figure 6B ).
Particle size distribution
Discussion
Exposure levels by SEG, mine, and metric
Our study demonstrated the utility of direct-reading instruments to estimate unique characteristics of fine aerosol levels in various work areas across six taconite mines. The dust exposures at measured locations were lower than the ACGIH TLV for respirable dust (3 mg/m 3 ). As expected, PM2.5 and RPM concentration tend to track each other. Highest RPM dust exposures were observed in areas within the pelletizing and concentrator departments (e,g, balling drum, pelletizing, furnace, concentrator operator), a trend that is generally consistent with the personal respirable dust exposures assessed by Hwang et al. (2017) in the same six mines. While the current study found pelletizing maintenance SEG had the highest exposure (0.38 mg/m 3 ), the assessment with personal respirable samples found balling drum operator had the highest respirable dust exposure. The area RPM trend was not consistent with personal respirable silica trend found in Hwang et al. (2016) where the highest average personal respirable silica exposure was in the crusher department. The difference between the personal and the area monitor results could be due several reasons: 1) direct reading instruments cannot differentiate silica from other type of particles, 2) workers tend to move to various places within the department.
Very high SA and particle number concentrations were found in the concentrating and pelletizing processes where very high number of fine particles were released during the rolling and tumbling of the powder and pellets. These findings were consistent with the high correlation of SA and PA presented in Figure 2 . Heitbrink et al (2006) performed a real-time monitoring study at an automotive engine manufacturing plant and learned that correlation for SA and PN were stronger during the winter when they used direct-fire gas fired heaters that generated substantial amount of ultrafine particles compared to the summer months. The strong correlation between SA and PA in this study suggested the presence of ultrafine particles in many locations in taconite operations. In some locations, we found high mass concentration ranking did not result in high surface area and particle number concentration ranking and vice versa (eg., concentrator operator, furnace operator)
which aligns with our current theoretical knowledge that relatively high numbers of large particles do not contribute much to the overall surface area nor overall particle number. Some locations (e.g., pelletizing maintenance), however, may have both very large particles and ultrafine particles (e.g, balling drum operator has 4 metrics in top 3 ranking). Thus, it may be important to measure a wide range of particle sizes in order to better characterize the nature of the air pollution in these locations. PN does not correlate very well with RPM and PM2.5 (0.31 and 0.30, respectively) and the correlation between SA and RPM or PM2.5 were just slightly better (0.44, and 0.40, respectively). This finding suggests that SA and PN may be used interchangely to characterize ultrafine particles exposure, and PM2.5 or RPM may underestimate their presence. In certain scenarios such as nanomaterials monitoring where surfaces are known to be coated with different materials which might enhance the toxicity of the particles, surface area monitoring may be the better choice.
Despite the lack of motivation for employers to monitor fine particles for compliance purposes, our findings have important implications for epidemiological studies because the choice of metric can affect the ability to estimate disease risk and the characteristics of the exposure-response relationships. While we detected high mass concentrations in some areas within the pelletizing and concentrating departments, we also found high surface area and particle number concentrations which indicated the presence of very fine particles concentrated in the pelletizing department. Thus, the use of mass metric may potentially attenuate the dose-response for cardiovascular risk from fine particle exposure in some settings.
Within-and between-location variability by SEG, mine, and metric
For all metrics, we observed lower within-location variability (GSD_WL) in the crusher (except crusher maintenance), concentrator, and pelletizing departments (except dockman) where many large taconite processing machines (crushers, rod mills, ball mills, etc..) ran continuously throughout the day compared to the shop areas where intermittent maintenance activities usually took place. For example, forklifts in the warehouse generated large numbers of fine particles; as did moving the trucks in and out of the shop and welding activities in the truck shops. In most cases (except the crusher operator and the maintenance technician), we only sampled one location at each mine for each SEG so the between-location variability is essentially the between-mine variability. Large between-location variability (GSD_BL) indicates mine-specific differences in the taconite mining process and it could be due to a number of factors including size of each mine (1400 workers vs less than 100), rock formation that changes from soft to hard, and slight differences in the job descriptions (Hwang et al., 2016) . Other factors that might contribute to the observed mine-specific differences could be unique events during the sampling day (e.g., a certain process being shut down for maintenance). For example, there was nobody working in one of the labs during a sampling period. We also noticed that the GSD_BL and their uncertainties tend to be higher in some relatively clean areas such as the office, control room, lab, shop areas, pellet docking area for SA and PN compared to PM2.5 and RPM. It could be that while these locations look relatively less dusty, the SA and PN monitors can pick up more fine particles than the PM2.5 and RPM.
Particle size distribution
Because most of fine particles were in the 0.02 -0.3 m range across all SEGs, it was difficult to distinguish between the SEGs. There was more variability between the bins and between groups in terms of mass concentrations. The size distribution analysis corroborated our particle number and surface area monitoring data by demonstrating the presence of ultrafine particle numbers in taconite mining operations.
While our current data did not have more refined particle size distribution within the 0.02-0.3 μm range, understanding of the particle size distribution is important in epidemiology studies because it would enable us to identify which particle sizes may be more relevant to toxicity than others. For example, Oberdorster et al. (1994) found that titanium dioxide particles at around 20 nm cleared significantly slower and translocated to more interstitial sites and regional lymph nodes compared to ~200 nm particles in rats.
Statistical analysis of real-time data
A common statistical method for analyzing real-time exposure data is some form of autoregressive model to account for temporal correlation (e.g, Entink et al., 2011) . That being said, the assumptions underlying autoregressive processes may be violated in the presence of factors that result in sudden spikes or dips in concentrations. The effects of these spikes/dips can be mitigated if these factors are known and included as covariates in the statistical model. Another approach to analyzing real-time data is to evaluate peak exposures but peak definition has been somewhat arbitrary depending on the study. While Preller et al. Other studies (e.g., Nieuwenhuijsen et al., 1995) defined peak exposure in their study of respiratory health effects among bakers as the highest exposure measured during a specific task within a group of workers. While evaluating peak exposure is beyond the scope of this study, we recognize the importance of peak exposures and its influence on the statistical models.
Limitations: Our monitoring campaign captured a snap shot of particle exposures at various locations where our SEGs typically work; thus it is not representative of the personal exposures. While some groups of workers will spend more time at their defined locations (e.g., office workers, control room operators, auto mechanics), other groups move around to various parts of the buildings (e.g., crusher operators, crusher maintenance) which would make the personal exposures very different from area dust concentrations. Furthermore, in most cases, due to time constraints, we were able to sample only one location per SEG and only in the morning at each mine. This limited our ability to characterize the variability for the entire 8-hour shift, day to day, and seasonal variations. As mentioned previously, the area of each workplace in some departmentssuch as the crusher, the concentrator, and pelletizing areais enormously large compared to other places in the mine. One sample within that workplace might not adequately capture the spatio-temporal variability of exposure within one location and between locations within an SEG. It is also worth noting that when we ran the real-time monitors, we also ran a high-volume sampling pump for the NanoMOUDI impactors to collect elongate mineral particles on the filters at the same time and location. At a few small and relatively clean locations such as the office, dockman, and lab, we occasionally noticed some build-up of smoke and smell of oil at the end of the sampling period that came from the high volume sampling pump. While we think that close proximity to the pump might have affected the concentration at those locations, measurements at most other locations were unlikely to be affected substantially since neither the smell nor smoke was apparent to us.
Despite these limitations, the strength of our study is the large number of sampling locations and measurements of particle concentrations using four different metrics. These measurements allowed us to compare the concentrations across metrics and how the metrics influence the ranking of various job groups within the taconite mines. This information could potentially be used in epidemiological studies to explore the effects of fine aerosol exposures on cardiovascular health risks among taconite miners.
CONCLUSION
Our study used an array of real-time instruments to characterize fine aerosol concentrations using multiple exposure metrics at various locations across six taconite mines in Northern Minnesota. Our monitoring campaign identified locations with high particle exposures and showed that the rank of those high exposure groups change by metric. Typically the strategy for classifying similarly exposure groups might be influenced by the metric used, which would subsequently affect the validity of the epidemiological studies that used these exposure data. In this case, the classification of high exposure groups slightly changed based upon the mass, ADSA, or particle number metric. Particle number and surface area exposure metrics were highly correlated with each other. This study highlights the importance of considering alternative exposure metrics such as alveolar-deposited surface area and particle number concentration along with mass concentration to study the health effects from fine aerosol exposures in occupational epidemiology studies at taconite mines.
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